Demand response can play a very relevant role in the context of power systems with an intensive use of distributed energy resources, from which renewable intermittent sources are a significant part. More active consumers participation can help improving the system reliability and decrease or defer the required investments. Demand response adequate use and management is even more important in competitive electricity markets. However, experience shows difficulties to make demand response be adequately used in this context, showing the need of research work in this area. The most important difficulties seem to be caused by inadequate business models and by inadequate demand response programs management. This paper contributes to developing methodologies and a computational infrastructure able to provide the involved players with adequate decision support on demand response programs and contracts design and use. The presented work uses DemSi, a demand response simulator that has been developed by the authors to simulate demand response actions and programs, which includes realistic power system simulation. It includes an optimization module for the application of demand response programs and contracts using deterministic and metaheuristic approaches. The proposed methodology is an important improvement in the simulator while providing adequate tools for demand response programs adoption by the involved players. A machine learning method based on clustering and classification techniques, resulting in a rule base concerning DR programs and contracts use, is also used. A case study concerning the use of demand response in an incident situation is presented.
Introduction
One area expected to grow in the scope of electricity markets is Demand Response (DR), as it appears as a very promising opportunity for consumers and brings several advantages for the whole system [1, 3] . This is due to the fact that power systems infrastructure is highly capital intensive and demand response is one of the cheaper resources available to prevent investment needs, by peak-shaving and strategic load curtailment in congestion situations [4] . On the other hand, demand response programs can provide the system operator with a determined load curtailment capacity which is highly valuable to deal with unexpected changes in both supply and demand levels. The actual state of demand response around the world is summarized in [5] . DR in U.S. wholesale markets, reporting an increase of 10% in the number of entities offering dynamic pricing tariffs to retail customers from 2006 to 2008, is described in [6] . However, demand response is not being as successful as expected in the context of competitive markets. In some cases, the electricity markets implementation even caused a reduction in demand participation [7, 8, 9] .
Practically speaking, demand response has been implemented in various electricity markets and has proved to bring relevant benefits to market players. Furthermore, demand response opportunities are normally considered vital for negotiating contracts between retailers and customers in future smart grids. However, till the present, demand side has been unable to use all the business opportunities in the scope of electricity markets in a satisfactory way. Efficient demand response management requires new approaches to deal with the complex interdependencies existing between electricity prices and volumes.
The difficulties concerning demand response participation appear even for large demand side players and obviously apply to small players. Aggregation is being more and more used, so that electricity markets players can join their resources and efforts to obtain competitive advantage in electricity markets [10, 11] . However demand response has very specific needs that even large aggregators face serious difficulties in dealing with. This shows the need to address DR as a priority, providing electricity markets players with adequate DR programs, contracts and business models.
The model presented in this paper aims at extending the already obtained results [11, 12, 13, 14, 15, 16, 17] , contributing to overcome present demand response limitations. The main objective is to provide the involved players with decision-support concerning DR programs and contracts use and adoption.
The participation in DR programs can be voluntary or mandatory. Presently, implemented DR programs are voluntary [18] , although some studies report important advantages of the mandatory approach [8] .
Demand response programs can be divided in two wide groups, namely price-based demand response and incentive-based demand response [19] . The former is related with changes in customers consumption in response to variations in energy prices. The latter includes programs involving customers incentives that are additional to their electricity rates, which may be fixed or time varying.
DR programs can be divided by economic (demand bidding) and operational (reliability) purposes. Combining these two purposes, ancillary services can include load demand bids to participate in those services which are crucial for the system operation.
After this introductory section, Section 2 presents the developed decision support system and Section 3 concerns the implemented decision-support model. After the case-study of Section 4, the main conclusions of the work exposed in the paper are presented in section 5.
Decision-support system
The methodology presented in this paper has been implemented in a decision support system integrated in a demand response simulator, DemSi [12, 13, 14, 15] , developed by the authors of the paper. The simulator has important capabilities in what concerns the DR programs use evaluation and has been updated to include the tools necessary to simulate and support the decision concerning DR programs adoption, as described in this paper.
The present section makes a brief description of the simulator, as well as the explanation of the players activities supported by the simulator, and an introduction to the existing demand response programs models.
Demand response simulator
The simulator, as shown in the functional diagram of Figure 1 , includes an optimization module for the application of DR programs and contracts using deterministic and metaheuristic approaches. The simulator also includes a realistic power system simulation module, based on PSCAD, to undertake the optimization results technical validation. Presently, the simulator has several limitations, namely it only is capable of network simulation considering a priori defined load reduction in the context of a defined DR program.
Players
The implementation of electricity markets gives place to the existence of several players. The basic players of an electricity market are the consumers and the producers since the objective is to supply the consumers demand. Traditionally, this has often been achieved by vertically integrated companies supplying to consumers the energy provided by producers. However, in the scope of present electricity markets diverse players such as DNO (Distribution Network Operator), TSO (Transmission System Operator), MO (Market Operator), VPP (Virtual Power Players), CSP (Curtailment Service Provider), and Retailers, interact to accomplish individual and common goals. Figure 2 shows the relationships between these players. In this figure, black thick arrows represent the physical electricity flows, and the grey arrows represent financial electricity exchanges. Depending on the size and location of the loads, energy can be delivered to the consumers by a DNO or a TSO. For most consumers, the TSO delivers energy to DNOs and these deliver energy to the consumers. A brief description of the players in the figure is presented in [21] .
Considering the participation of the new distributed resources connected to the networks in electricity markets, requires a new type of player. Small players owning distributed resources do not have the capability of participating in a competitive environment. VPPs can aggregate several small-scale energy resources, as distributed generation, storage, and demand response, managing these resources and making them able to participate in electricity markets.
Another special player only aggregating consumers DR participation, the CSP, is needed in order to make the small consumers able to participate in DR programs designed for large consumers. Small consumers without the reduction capacity required by the DR program managing entity (usually an ISO) make a contract with a CSP, which aggregates several small consumers DR and participates in the DR program.
Demand response programs and contracts models
Demand response programs can be divided in two wide groups, namely price-based demand response and incentive-based demand response [8] .
Price-based demand response is related to the changes in energy consumption by customers in response to the variations in their purchase prices. This group includes Time-Of-Use (TOU), Real Time Pricing (RTP) and Critical-Peak Pricing (CPP) rates. For different hours or time periods, if the price varies significantly, customers can respond to price variations with changes in energy use. Their energy bills can be reduced if they adjust the time of the energy usage taking advantages of lower prices in some periods or reduce consumption when prices are higher. Currently, the response to price-based demand response programs by adjusting the time of consumption is entirely voluntary. However, some advantages of mandatory response can be found. An important demand-side resource that can be considered independently, but not necessarily disconnected from the above described DR programs is the energy efficiency, which has to be considered in the long time system planning.
Implemented decision-support model
As described in Section 2, DemSi has important capabilities in what concerns the DR programs use. The present section presents an improvement of the simulator and of the decision-support system, as the main contribution of the paper, in order to include the decision-support concerning DR programs adoption. This section presents the explanation of the need of the developed machine learning module which is of high interest for the implementation of the DR programs adoption decision support, and the consumers performance evaluation required for the determination of the effective participation of the consumers in a demand response program event.
The functioning of the system is illustrated in the diagram presented in Figure 3 . The system includes two main sub-modules, concerning the contracts use and the contracts adoption. For programs adoption, decision support will consider DR programs and contract evaluation. The modules of the system depicted in Figure  3 in grey color are the ones concerning the demand response programs use and the power system simulation. Moreover, those modules include the optimization, including both deterministic and heuristic methods, of the different players behavior in order to support their decision concerning DR programs use and adoption. The electricity markets structures are also included for the characterization of the DR programs and context simulation. The modules depicted in light blue constitute the improvement of the decision support presented in this paper and are the ones regarding the decision-support for DR programs adoption. An adequate study of the DR programs adoption requires large amounts of data to be analyzed. Regarding this aspect, the system has been improved with a machine learning module (described in section 3.1) and a consumers knowledge base.
In order to address an adequate evaluation of the consumers effective participation in demand response events, the system has been improved with consumers performance evaluation tools, as described in section 3.2.
Machine learning module
This module is the main addition to be included in the DR simulator. The main objective is to study and determine the data-mining techniques adequate for the consumers participation in DR programs classification. With a large diversity of consumers acting in DR programs, with different types (domestic, commerce, industry, services, etc.), different peak consumption power, different daily load demand profile, and with different goals/awareness in the scope of that programs, new classification techniques are required. This classification is important for the design by an ISO, for the participation by a VPP, and for the bidding by a CSP in a DR program.
Consumers performance evaluation
The reduction of load demand consumption is always subjective since consumers could intentionally increase consumption before a known demand response event to pretend that the load demand was reduced during the demand response event. To avoid these cases, performance evaluation methods have been developed. The methodology developed in this paper includes a baseline performance evaluation method.
A baseline is an estimate of the electricity that would have been consumed by a demand resource in the absence of a demand response event. The baseline is compared with the actual metered electricity consumption during the demand response event to determine the demand reduction value. Depending on the type of demand response product or service, baseline calculations may be performed in real-time or after-the-fact. The system operator may offer multiple baseline models and may assign a demand resource to a model based on the characteristics of the demand resources load. Alternatively, it may allow the demand resource to choose a performance evaluation model consistent with its load characteristics from a predefined list. A baseline model is the simple or complex mathematical relationship found to exist between baseline window demand readings and independent variables. A baseline model is used to derive the baseline adjustments, which in turn is used to compute the demand reduction value. An independent variable is a parameter that is expected to change regularly and have a measureable impact on demand. Figure 4 illustrates the concept of baseline relative to a demand response event. For a given time interval t, the initial baseline bt is calculated as the average demand among the 5 days with the highest energy usage out of the prior 10 non-event days (this calculation is performed for each interval time interval t during the demand response event), as in equation 1.
The adjustment factor a is calculated as the difference in observed demand and the estimated baseline, for a calibration period starting two hours before event notification, with a minimum adjustment of 0, as in equation 2. This factor is calculated for each time interval t.
The total performance p is measured as the integrated difference between the sum of the baseline b and the adjustment factor a minus the consumption c, for each c 2014 NSP Natural Sciences Publishing Cor.
interval t over an event period beginning at time 0 and ending at time e, as seen in equation 3.
The capacity-setting performance pavg is simply the average performance during all intervals of the demand response event for which the program rules stipulate that performance is mandatory, as in equation 4.
It is important to note that the day-of load adjustment period is the two hours period prior to event notification instead of the two hours period prior to the event start.
Case study
The present case study shows the application of the consumers performance evaluation to the case study presented in [12] . This section includes the explanation of a DR program model as well as the scenario characterization and the obtained results.
Demand response program model
The growing use of Distributed Generation (DG) has changed the way that electricity networks are operated. A fault originating a lack of supply that causes the existence of an island can be a good opportunity for both DR and DG to be used, evidencing their real value. Figure 5 shows an example of a distribution network connected to a larger upstream network through line 0-1.
When a fault occurs in this line, there will be a lack of supply from the upstream network, and the envisaged distribution network will operate in island mode. An adequate use of the available resources can make possible to supply some important loads and reduce the economic impact of the fault. When facing a generation shortage (e.g. in case of an incident), the distribution network operator makes use of flexible contracts and/or Real-Time Pricing (RTP) to condition consumers behavior. When such situation occurs, the solution can be found in two phases:
-Phase I The available energy production is evaluated and it is analyzed if it is sufficient to supply the critical loads. These loads should never be shed, unless it is absolutely impossible to supply them, due to security and/or economic reasons. The critical load status should be adequately addressed in the contracts between these loads owners and their suppliers. If all critical loads can be satisfied and there is a surplus of energy, the way this energy should be used, is determined in phase II; -Phase II The remaining loads that should be completely or partially supplied are determined using an optimization approach. This aims at minimizing the costs of the incident, from the suppliers and the distribution network operator point of view.
Regarding the demand response, loads differ mainly on the conditions they impose for eventually being curtailed or reduced under specific situations. This determines if each load must be considered in Phase I or in Phase II, as well as the Value Of Lost Load (VOLL) established in the contract. By default, DemSi considers three different typical load profiles, as follows:
-Critical Loads (CL) which should be supplied in every situation. When not supplied, these loads receive high compensation values, as determined by the contracts between their owners and their suppliers; -Clients with Flexible Supply contracts (FS), which have hired the priority of their circuits and/or loads in case of supply shortage. The distribution network operator can control each of these clients overall load or some of its circuits. Financial terms for this supply flexibility are established in the supply contracts; -All other loads, which are considered Regular Loads (RL).
Mathematical formulation
As mentioned above, Phase II aims at minimizing the costs of a generation shortage situation. After completing Phase I with all the critical loads supplied, this can be modeled as an optimization problem. The objective function, in (5), is formulated with the aim of minimizing the total cost that the distribution network operator has to pay for non-supplied loads (VOLL). It is important to note that Phase II always corresponds to a situation for which there is a lack of supply.
The constraints of the problem are the power balance (6); the maximum curtailment for each consumer (7); and the maximum reduction for each consumer (8) . The difference between reduction and curtailment is that the curtailment is the decrease of the total amount of power, whereas the reduction can be of any value between zero and the total considered load. The reduction corresponds to the changes, for example, in the lighting power, in function of the specified luminance needs. The curtailment method corresponds to the elimination of the consumption in a determined consumer, circuit of loads, or load. Both methods require adequate technological means. A certain consumer could have both methods of consumption decrease, or only one of them. X Cut(c) -Binary variable related to the power curtailment in the load of consumer c Using this approach and its knowledge about load profiles, the DNO can determine the better way to define and establish supply contracts, at the same time that situations of lack of supply are solved by the use of those contracts.
Scenario characterization
The proposed scenario is based on a distribution network also presented in [12] and depicted in Figure 6 . It is a 33 bus distribution network with 32 consumers. As referred, this network is connected to the larger distribution network through bus number 0. Considering a fault in line 0-1 that connects bus 0 to the upstream larger distribution network, we will have: -The considered network turns to an island where DG is the only mean of electricity generation; -The available DG is not enough to supply all the demand but is enough to supply Critical Loads (CL) and to ensure an adequate amount of reserve; -The remaining DG must be optimally used to supply additional loads, according to their profiles and contract clauses. The results obtained in this case study regard the occurrence of the fault in 96 distinct periods of 15 minutes in a complete day. Figure 7 presents the value of the total load and total DG for the first period. DemSi has been used to find the optimization results, and to perform the network simulation. 
Results
The considered fault keeps line 0-1 out of service, starting in instant 0 and lasting the whole day. The value of the estimated power losses is discounted in the value of the available generation power that is considered to supply the demand. Table 1 presents the demand metered data, in kW, for the first period, regarding consumer 1. These values are the ones necessary for application of equations 1 to 3 in order to perform the consumers Performance Evaluation (PE) described in section 3.2. Table 2 shows the results obtained for the considered scenario, with and without demand response use, as well as considering the application of the consumers Performance Evaluation (PE) for the first period of 15 minutes. In this period, the total generation is 2300kW. Table 2 also indicates for the total load connected to each bus (considered as a single consumer) the value in kW of the Non-Supplied Load (NSL) and the monetary Value Of Lost Load (VOLL).
The case study considers three different situations: with demand response, without demand response, and with demand response including PE. Without DR, the VOLL is calculated according to the value of the unitary VOLL attributed to each individual load. With DR, the VOLL is calculated using the clauses of each load contract; these clauses determine the conditions under which a part of the load may be curtailed. These values are calculated for each individual load; the total value for the load connected to each bus is presented in Table 2 .
In the case with DR and PE, the baseline variables are calculated and then used to determine the effective value of NSL and of the respective VOLL.
This scenario considers two types of flexible contracts (FS1 and FS2) , that represents the use of demand response, which only differ on the specific contract clauses (percentage of load that the clients accept to be curtailed and contract tariffs). The loads that have not any type of supply contract are indicated as RL (Regular Loads).
From the presented results, we can conclude that the total VOLL is substantially decreased when considering demand response with a part of the loads with types CL and FS contracts. Moreover, the application of consumers performance evaluation makes possible to determine the effective values of both NSL and VOLL which are significantly lower than the expected ones. It is important to note that the values presented in Table 2 only refer to the VOLL concerning a 15 minutes period. The total annual decrease in the VOLL value depends on the number, duration and characteristics of the faults that cause a lack of supply. Figure 8 shows the amount of non-supplied load considering and not considering DR, and applying the consumers performance evaluation for the whole day concerning the fault of this case study. The first two curves are very similar because they correspond to the use of the amount of DG available along the day. In what concerns the curve that considers the PE, the values of NSL are lower than the DG available. This leads to a failure in the system supplying the loads as demand still higher than generation after the application of demand response flexible contracts. This leads to the need of including the value of historical baseline PE values in the scheduling of the consumers demand reduction.
In what concerns the two first curves (with and without DR), in spite of the NSL values similarity, the VOLL presents very different values in the two situations as shown in Figure 9 .
The results presented in this figure clearly show that an adequate use of DR, through flexible contracts can significantly decrease the VOLL. In addition, including PE methods makes possible to perform a more accurate determination of VOLL. 
Conclusion
The demand response concept is a fast evolving topic of crucial importance for the planning and operation of future electricity markets and of power systems in general. Most of DR programs in the past were based on distinct electricity tariffs for different periods of the day. Presently, demand response is evolving to more flexible approaches, able to benefit from the participation of the involved players. The ability of the demand side to play a dynamic, active, and strategic role is especially important under this context. The present paper presented a methodology to support decision making concerning demand response programs and contracts adoption. The methodology has been integrated in a decision-support system that is a part of a simulator developed by the authors, and is intended for the use of the players acting in the demand response programs, namely consumers, independent system operator, virtual power players, and curtailment service providers.
The proposed methodology uses machine learning to support DR programs use. This is based on clustering and classification techniques, resulting in a rule base concerning DR programs and contracts use. Consumers performance evaluation methods and tools are also a part of the proposed methodology.
A case study concerning an incident situation that causes an islanded operation was presented. The case study evidences the advantages of using adequate methodologies to manage demand response in this kind of situation.
